This paper proposes a novel microgrid scheduling model considering the resiliency requirements. The resiliency of the microgrid is guaranteed by quickly adjusting the output of committed local resources to supply the local demands continuously when the supply of power from the main grid is interrupted. To capture the prevailing uncertainties in renewable generation and demand, a two-stage robust optimization model is formulated to minimize the total operating cost under the worst realization of the modeled uncertainties. The column and constraint generation (CCG) method is used to solve the problem in an iterative manner. The solution of the proposed robust scheduling model guarantees the resiliency of the microgrid by supporting a quick islanding without consumer interruption and ensures the robustness against uncertainties in renewable generation and demand.
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I. INTRODUCTION
Resilience is the ability of power systems to prepare for and adapt to low-probability high-impact incidents and withstand and recover rapidly from disruptions. With the aging infrastructure and increasing threats of weather related incidents and natural disasters, how to effectively enhance the resilience of power system has become an urgent need and attracted worldwide intention [1] . One of the viable solutions to improve the power system resiliency is to deploy microgrids, which is a group of interconnected distributed generators (DGs), energy storage systems (ESSs) and colocated loads with the ability to intentionally disconnect from the main grid and continue to supply the islanded portion without any interruption [2] . By virtue of this particular feature, microgrids enhance the resiliency of the power system through lowing the probability and amount of load shedding, preventing cascading blackouts and reducing the time of restoration [3] . In addition, microgrids introduce many unique opportunities such as reducing carbon emission, delaying the investment of system expansion, etc. With all these benefits, more and more microgrids have been deployed in utilities, universities and hospital campuses, military bases and industrial parks in recent years [4] .
One of the most distinctive value propositions provided by microgrids is resiliency improvement through intentional islanding. The key of successful islanding is to quickly adjust the output of committed DGs and ESSs to mitigate the power changes at PCC and rebuild the balance between load and generation. So far, research work on scheduling and dispatch of microgrids with resiliency considerations are still limited. Existing studies can be found in [5] - [10] . The adequacy constraints are included in the economic dispatch model of a microgrid to ensure sufficient operating margin to cover critical loads in case of upstream network faults in [5] . Considering the uncertainty of renewable generation and demand, a probabilistic chance constraint is proposed to guarantee that the microgrid is capable to meeting the local demand with specified probability in [6] . Microgrid scheduling model with chance-constrained islanding capability to ensure successful islanding of a microgrid with a specified probability is proposed in [7] . Nevertheless, [6]- [7] require the probability distributions of uncertainties, which are difficult to obtain in practice. A resiliency-oriented microgrid optimal scheduling model considering the main grid supply interruption time and duration was proposed in [8] . The model was extended to considering the prevailing uncertainties of renewable generation and load in [9] . However, the charging/discharging status of ESSs is assumed same as normal operation after islanding in order to keep the inner-stage of the max-min problem linear. Robust optimization-based scheduling model for microgrid operation with reserve requirements is proposed in [10] . However, the uncertainties are only considered after islanding and ignored for normal operation.
In view of the shortcomings of the existing literature, a new microgrid scheduling model considering the resiliency requirements is proposed in this paper. The resiliency of the microgrid is guaranteed by quickly adjusting the output of committed local DERs to supply the local demands continuously when the supply of power from the main grid is interrupted. To capture the prevailing uncertainties in renewable generation and demand, a two-stage robust optimization model is formulated to minimize the total operating cost under the worst realization of the modeled uncertainties. The column and constraint generation (CCG) algorithm is used to solve the problem in an iterative manner. The solution of the proposed model guarantees the resiliency of the microgrid by supporting a quick islanding and ensures the robustness against uncertainties in renewable generation and demand. The main contributions of this paper are as follows:
1) A new scheduling model for microgrids with resiliency guaranteed under the risk of both utility failure and renewable uncertainty is proposed. 2) Considering the uncertainties of renewable generation and load, a two-stage robust optimization model is formulated and solved using the CCG algorithm. The reminder of the paper is organized as follows. Section II introduces the two-stage robust microgrid scheduling with resiliency constraints. Case studies are presented in Section III and conclusions are drawn in Section IV.
II. MATHEMATICAL FORMULATION FOR ROBUST MICROGRID SCHEDULING

A. Microgrid Modeling
Efficient scheduling of microgrids requires accurate modeling of the components in the microgrid. Generally, a microgrid includes dispatchable and undispatchable generators, energy storage facilities and flexible demand. The dispatchable generators, such as diesel generators, microturbines and fuel cells, could change their power output according to the dispatch order of the microgrid central controller (MCC), while undispatchable generators, such as wind turbines and PV panels, have uncertain power output depending on the meteorological conditions of wind speed, temperature and solar irradiance. There has been extensive existing literature focused on wind and PV power forecasting. However, the forecast accuracy declines quickly as the lead time increases. Typically, the wind power forecast error is around 10% for hour-ahead forecasting, over 20% for day-ahead forecasting, and even higher for a longer lead time [11] . The forecast error of PV generation is even higher since the PV power output is greatly affected by the cloud coverage with vary random pattern. For this reason, wind and PV generation are usually paired with energy storage facilities to mitigate the intermittency and uncertainty in a microgrid. In this paper, the renewable generation and demand are modeled as independent, symmetric and bounded random variables with unknown probability distributions. The models of microgrid components are discussed in detail in [7] . The focus of this paper is to ensure the resiliency of the microgrid by being ready to perform a seamless islanding taking into account the uncertainties of renewable generation and demand.
B. Deterministic Microgrid Scheduling
This subsection describes the model of the deterministic microgrid scheduling. The objective is to minimize the total operating cost of the microgrid over the scheduling horizon as shown in (1) . Specifically, the first line is the operating cost of DGs (including fuel cost and start-up cost); the second line is the energy purchasing cost (or benefit of selling energy to the utility) and the degradation cost of the ESSs. All terms are in mixed-integer linear (MIL) form except the start-up cost of generators S it , which can be recast into MIL form as in [12] .
The objective function is subject to the following constraints:
Constraint (2) is the minimum and maximum power constraint of DGs. It also forces the output of a DG to be zero if it is not committed. For ESSs, the maximum charging/discharging power of an ESS are specified by constraints (3) and (4). The state of charge (SOC) of an ESS in current time interval is defined as the SOC in previous time interval plus the energy charged or minus the energy discharged as in constraint (5) . The SOC of an ESS is limited by constraint (6) . The generation and demand is balanced in grid-connected mode, which is enforced by (7) . The PCC power is limited by constraint (8) . It should be noted that (1) -(8) is a scheduling model for microgrids in normal operation. To consider the resilience, constraints (9) - (14) are included to ensure a seamless islanding. In specific, by quickly adjusting the power of DGs and ESSs to mitigate the lost power at PCC, the balance between generation and demand is regained in islanded mode, which is enforced by constraint (9) . The commitment status of DGs in islanded model are enforced the same as in normal operation state and the output power of DGs are constrained by the minimum/maximum power and ramping rate as in (10) and (11) . Different from DGs, the ESSs could be switched from charging to discharging status instantaneously after islanding and vice versa. The power output/input of an ESS in islanded mode is constrained by the maximum charging/discharging power as in (12) . It is also limited by the difference between its current SOC and minimum SOC if discharging in islanded mode as in (13) . Note that τ represents the minimum time duration that a battery needs to retain its output after islanding. It could also be interpreted as the fault duration. Similarly, the power of an ESS is constrained by the difference between its maximum SOC and current SOC if charging in islanded mode as in (14) .
C. Robust Microgrid Scheduling
This subsection describes the robust counterpart of the deterministic microgrid scheduling. As mentioned earlier, wind and PV generation cannot be forecasted precisely. However, one can still determine some reasonable range for P W wt and P PV vt based on statistical data. In this paper, P W wt , P PV vt and P dt are modeled as independent, symmetric and bounded random variables which take value in
vt and δ dt nonnegative. In the robust microgrid scheduling model, the commitment status of DGs are first-stage decisions, which are determined at the beginning of the scheduling horizon to hedge all possible uncertainties of renewable generation and demand as well as the failure of utility network, while the PCC power, output of DGs and charging/discharging power of ESSs in both normal operation and islanded mode are second-stage variables, which are determined after the uncertainties are revealed for each time interval. The robust counterpart is formulated in min-max-min form, which guarantees the solution is feasible for all possible uncertainties and performs well for the worst case.
Where U is the feasible set for the binary commitment status of DGs. W represents the uncertainty set. Note that the randomness of wind and PV power as well as demand are modeled as polyhedrons. The aggregated effect over multiple uncertainties are modeled by a budget constraint. Γ t is an robust control parameter, which takes values in [0, N W + N P V + N D ]. We are interested in finding an optimal solution that is protected against all scenarios in which up to Γ t of these uncertain coefficients μ are allowed to change, and one coefficient changes by at most (Γ t − Γ t ) μ. It is guaranteed that if nature behaves like this then the robust solution will be feasible deterministically. If Γ t = 0, the uncertainties are completely ignored, while Γ t = N W + N P V + N D indicates all uncertainties are fully considered, leading to the most conservative solution [13] . By this way, the MCC could adjust the degree of conservatism of the solution based on their risk preference. X is the feasible region for the PCC power, output of DGs and charging/discharging power of ESSs in both normal operation and islanded mode. Note that only the first stage decision are implemented and the second stage decisions would be re-optimized and implemented when the uncertainty is better known base on the forecasts with short lead time. The proposed two-stage robust microgrid scheduling is actually a tri-level optimization in the form of "min-max-min". It cannot be solved directly since the three optimization levels impact each other. Generally, there are two solution algorithms for optimization problems with a "min-max-min" structure: Benders decomposition with dual cutting planes [14] and the Column-and-Constraint Generation (CCG) algorithm [15] . Comparing with Benders decomposition, the CCG algorithm generates primal cutting planes to accelerate the convergence. It has been proved that the CCG algorithm needs much less iterations to converge [15] . For this reason, the proposed twostage robust scheduling is solved using CCG algorithm.
III. CASE STUDIES
A. Test System Data
The proposed two-stage robust scheduling of microgrids considering resiliency constraints was demonstrated on a modified Oak Ridge National Laboratory (ORNL) Distributed Energy Control and Communication (DECC) microgrid test system [10] . The modified system includes various DERs and ESS. The parameters for the dispatchable generators are the same as [10] . Due to the relatively small capacity of generators, their minimum up and down time are neglected.
The forecast wind and PV power are taken from [10] . A forecast error of ±35% for wind power and ±35% for PV power is considered. The capacity of the battery is 100 kWh with a maximum charging/discharging power of 50 kW. The battery efficiency is assumed to be 0.9. The minimum and maximum SOC of the battery is 25% and 95%, respectively. The initial SOC and final SOC are assumed both 50%. The battery degradation cost is set as 0.02 $/kWh. The maximum power at PCC is set as 200 kW.
The analysis is conducted for a 24-hour scheduling horizon and each time interval is set to be one hour. The forecast total demand and day-ahead market prices are the same as in [10] . The total demand is equally divided into 2 loads. A forecast error of ±9% for each load is considered.
All numerical simulations are coded in MATLAB and solved using the MILP solver CPLEX 12.6. With a prespecified optimality gap of 0.1, it takes only a few iterations for the algorithm to converge and the running time of each case is less than 10 seconds on a 2.66 GHz Windows-based PC with 4 GB of RAM.
B. Effects of Resiliency Constraints
For easy illustration, we define a new parameter robustness level as Γ = Γ t / (N W + N P V + N D ) and assume Γ is consistent for all time intervals. Thus, Γ = 0 means no robustness considered and Γ = 1 means fully robust. The results of proposed robust microgrid scheduling with and without the resiliency constraints are compared in this subsection. The power at PCC is compared in Fig. 1 . Generally, the power at PCC is significantly reduced when the resiliency constraints are considered. With resiliency constraints included in Fig.  1a , the power at PCC is limited at 150 kW, which is the maximum amount of reserve from both DGs and ESSs. This guarantees that all load could be served continuously when the utility network is faulted. When resiliency constraints are not considered as shown in Fig. 1b , the power at PCC is much higher. This is because the utility rate is relatively low comparing with generation cost of DGs. To validate the effectiveness of the proposed two-stage robust optimization in improving system resiliency, the total reserve from DGs and ESSs are calculated and compared with the power at PCC in Fig. 2 . As can be seen, the total reserve provided by DGs and ESSs are always equal or greater than the power at PCC under different robust levels. Thus, the system resiliency is guaranteed. When resiliency constraints are not considered in the robust optimization, the total reserve from DGs and ESSs are calculated and compared with the power at PCC in Fig. 3 . As can be seen, the total reserve provided by DGs and ESSs are less than the power at PCC under different robust levels. Under these situations, if the utility networked is faulted, the DGs and ESSs cannot supply all loads. Therefore, load shedding will be necessary. As mentioned earlier, the utility rate is relatively low comparing with generation cost of DGs. With resiliency constraints considered, the generated power by DGs are increased in order to reduce the power at PCC. Thus, the resiliency is gained at the expense of increasing operating cost. The total operating costs in the case with and without resiliency constraints are compared in Fig. 4 . As can be observed, the operating cost increases significantly with resiliency constraints included. In addition, the operating cost increases monotonically as the robustness level Γ increases.
IV. CONCLUSIONS
In this paper, a new microgrid scheduling model with resiliency considerations is proposed. The problem is formulated as a two-stage robust optimization. The solution guarantees the resiliency of the microgrid by supporting a quick islanding without consumer interruption and ensures the robustness against uncertainties in renewable generation and demand. Numerical simulations on a microgrid validated the effectiveness of proposed method. Γ Fig. 4 : Comparison of total operating cost with and without the resiliency constraints
